We describe the adaptation of the Rosetta de novo structure prediction method for prediction of helical transmembrane protein structures. The membrane environment is modeled by embedding the protein chain into a model membrane represented by parallel planes defining hydrophobic, interface, and polar membrane layers for each energy evaluation. The optimal embedding is determined by maximizing the exposure of surface hydrophobic residues within the membrane and minimizing hydrophobic exposure outside of the membrane. Protein conformations are built up using the Rosetta fragment assembly method and evaluated using a new membrane-specific version of the Rosetta low-resolution energy function in which residue-residue and residue-environment interactions are functions of the membrane layer in addition to amino acid identity, distance, and density. We find that lower energy and more native-like structures are achieved by sequential addition of helices to a growing chain, which may mimic some aspects of helical protein biogenesis after translocation, rather than folding the whole chain simultaneously as in the Rosetta soluble protein prediction method. In tests on 12 membrane proteins for which the structure is known, between 51 and 145 residues were predicted with root-mean-square deviation <4 Å from the native structure. Proteins 2006;62:1010 -1025.
INTRODUCTION
Alpha helical transmembrane (TM) proteins have a key role in biological processes, such as signal transduction and selective transport of ions, cations, and water. The biological significance of the helical TM proteins is highlighted by the fact that Ͼ50% of current drugs in use target membrane proteins. 1 Helical TM proteins are predicted to encode 20 -30% of all open reading frames of known genomes [2] [3] [4] ; however, currently, all types of membrane proteins represent only about 0.6% (168 5 of 28,000) of solved protein structures in the Protein Data Bank (PDB). 6 Difficulties in producing sufficient quantities of properly folded protein and in obtaining high-resolution crystals have proven to be very significant obstacles to determine atomic level structures of membrane proteins. Recently, there has been significant progress in de novo structure prediction of soluble proteins, [7] [8] [9] offering some hope that structure prediction methodology may be able to contribute to understanding membrane protein structure.
Statistical analysis of available ␣-helical membrane protein structures by many research groups has yielded useful information about amino acid environmental preferences within the hydrophobic, interface, and polar layers of the membrane. In 1989, Rees et al. 10 observed that membrane-exposed residues on average are more hydrophobic than buried residues in the hydrophobic layer of the membrane in the photosynthetic reaction center structure. More recently, analysis of amino acid distributions in helical TM protein structures has shown that large hydrophobic amino acids, such as leucine, isoleucine, valine, and phenylalanine indeed favor the lipid-exposed environment versus the protein-buried environment [11] [12] [13] and that small side-chain amino acids, such as glycine, alanine, serine, and threonine favor helix-helix interfaces, suggesting that these amino acids have a critical role in forming specific helix-helix interactions in the membrane proteins. 11,14 -17 Analysis of residue-residue interfacial pairwise propensities in helical TM proteins revealed that polar and cation-pi interactions are more frequent in helical TM proteins than in water-soluble proteins 18 and that the majority of TM helices in the helical TM proteins have interhelical side-chain-side-chain hydrogen bonds which induce tighter packing of the helices. 19 In addition, a role for polar residues in mediating helix-helix association in the hydrophobic layer of the membrane has been shown experimentally. 20 -23 Herein, we report the adaptation of the Rosetta de novo structure prediction method 24 -26 to membrane protein structure prediction. Both the fragment-based structure generation method and the low-resolution scoring function have been adapted for the anisotropic membrane environment. The new method can predict significant portions of each of 12 tested proteins with root-mean-square deviation (RMSD) from the native structure Ͻ4 Å.
MATERIALS AND METHODS Membrane Layer Scoring Function
The membrane is modeled using two parallel planes separated by 60 Å. Between two planes the energy computed from a sum of terms were analogous to those used in the Rosetta low-resolution soluble protein prediction method 24 -26 :
where E env and E pair model residue-environment and residue-residue interactions and were derived from a membrane protein dataset as described below, E clash penalizes steric overlaps, E density favors packing density characteristic of membrane protein, and E strand favors strand pairings. The amino acid environment, pair and density terms were calculated from a set of 28 helical TM protein structures found in the PDB (see Table I ). Multiple sequence alignment (MSA) information from homologous proteins with Ն30% sequence identity to the parent structure sequence was used to increase the number of observations for E env and E pair , which was particularly important for amino acids with a low number of counts. For each position, the contribution of an amino acid to the counts for the corresponding structural environment is simply the frequency of the amino acid in the MSA. For example, if alanine was 70% conserved at a particular residue in a structure, it contributed 0.7 counts to total statistics for the relevant membrane environment.
E env
The membrane environment was divided into horizontal layers approximately corresponding to the water-exposed, polar, interface, and hydrophobic layers of the membrane as described by White and Wimley 27 ( Fig. 1) . The hydrophobic layer was divided into outer and inner sublayers because preliminary analysis showed significant difference in environment profiles for tyrosine (see Results) and tryptophan (data not shown) between these sublayers. The membrane normal was defined as a vector between the average position of C ␣ atoms of the TM helices terminal residues on the intracellular (C int ␣ ) and extracellular (C ext ␣ ) sides of the membrane and the center of the membrane was taken to be halfway between C int ␣ and C ext ␣ . Planes perpendicular to the membrane normal and 30 Å from the center of the membrane were taken to represent a 60-Å-thick membrane bilayer. The bilayer and surrounding solvent region were divided into five layers as shown in Figure 1 . Residues were classified into eight burial states based on the number of residue centroids within 10 Å. The details of the layer and burial bins are described in Table  II 
E pair
For analysis of amino acid pair propensities, the membrane plane was divided into two layers-polar and hydrophobic. The polar layer included the water-exposed, polar, and interface layers, and the hydrophobic layer included the outer and inner hydrophobic layers defined as for the Fig. 1 . Membrane layer definition. The lowest energy embedding of the fumarate reductase complex structure (PDB 1QLA) found using the method discussed in the text is colored as follows: "water-exposed" layer-dark blue; "polar" layer-light green; "interface" layer-green; "outer hydrophobic" layer-yellow; and "inner hydrophobic" layer-red. 
E density
For analysis of residue density profile, the membrane plane was divided into two layers-polar and hydrophobicdefined as for the analysis of amino acid pair propensities (see above). Analysis of residue density in the representative set of water-soluble ␣-helical proteins (see Table III ) was also performed. As in the standard Rosetta method, two density terms, one based on a 6 Å sphere and the other one on a 12 Å sphere around each residue centroid were used to capture both close-range residue packing and overall protein density.
Fragment selection
For each TM protein tested, structure fragments were generated as described for the standard Rosetta method by Rohl et al., 24 except that only the SAM-T99 28 secondary structure prediction method was used during fragments selection procedure [the other two secondary structure prediction methods used by standard Rosetta-Psipred 29 and JUFO 30 -poorly predicted the majority of ␣-helical TM regions (data not shown), which is not surprising because they were trained for soluble protein secondary structure prediction].
TM region prediction
We used TMHMM, 31, 32 TMPred, 33 MEMSAT2, 34 and HMMTOP 35, 36 to define positions of N-and C-terminal residues of each of the TM helices in all TM proteins tested, which were used to approximate the membrane normal vector (see its definition in E env above) needed for our scoring function during each step of TM protein folding.
RESULTS
An immediate challenge confronting membrane protein structure prediction is the anisotropy of the surrounding environment. To model the portion of the protein within the membrane, we developed a representation of the membrane based on infinite parallel planes dividing the membrane into layers with distinct amino acid preferences (see below). Initial attempts at directly applying the fragment assembly method developed for soluble proteins with the membrane layer fixed in space did not lead to native-like structures. The acceptance rate was very low because a fragment insertion can result in a structure that could in principle span the membrane, but which is not oriented properly relative to the membrane plane. Rather than reject these structures, we developed a rapid method to find the lowest energy embedding of the protein in the membrane after every fragment insertion. Finally, we modified our fragment-based structure generation procedure to more efficiently produce structures that embed well in the membrane.
The following three sections describe the method: first, the search for embeddings, second, the representation of membrane environment, and third, the structure generation method. In the final section we describe the prediction of membrane protein structures using the method.
Search for Embeddings
Because the energy of a structure depends on how it sits in membrane layers, we search for the optimal embedding after every trial move. There are three components of the score that depend on the embedding: 1. a penalty for predicted TM helices that do not span the membrane; 2. a penalty for nonhelical backbone torsional angles in the core of the membrane; 3. the environment and pair scores, which change depending on the layer of the membrane. The membrane is described by a surface normal direction and a location along this normal for its center. For every configuration, an initial estimate of the embedding is made by taking the center of the membrane as the center of mass of the protein, and the normal as the average direction of the helices predicted to cross the membrane at that stage. The direction of a helix is measured as the vector between the C ␣ atoms at each end of the predicted spanning region. A Monte Carlo search is then performed around this initial guess, by varying the angle of the membrane normal and the position of the membrane center relative to the protein center, searching for the lowest energy embedding. This search can be done quickly, because the terms of the score that vary depend primarily on a residue's neighbors, which do not change with embedding. Finding the embedding with the lowest energy at each step recapitulates the simultaneous optimization of chain configuration and membrane orientation during membrane protein folding.
This embedding procedure was tested on 24 crystal structures, and the embedding angles were compared with those in a curated database of embeddings of protein structures. 37 In 21 of 24 cases, the dot product of the computed embedding vector with the embedding vectors from the database were between 0.9 and 1.0 and in three other cases between 0.8 and 0.9 (data not shown), showing that our method for inferring the placement of a membrane protein in the membrane from its structure is reasonably accurate.
Model for Membrane Environment Residue environment interactions
Membrane environment specific amino acid propensities within and outside of the 60-Å-thick membrane bilayer model were calculated from a representative set of TM protein structures (see Materials and Methods). Membrane environment score plots for representatives of hydrophobic, small side-chain, aromatic, and polar amino acid classes are shown in Figure 2 . Leucine-representative of large hydrophobic amino acids-was the most frequently observed amino acid in the membrane protein setcontributing between 8 and 16% to the total counts in the different membrane layers (see Fig. 1S in Supplementary Material, http://www.interscience.wiley.com/jpages/0887-3585/suppmat). As expected, leucine strongly prefers to be buried within the protein environment within the waterexposed layer [ Fig. 2(A) ]. In contrast, leucine strongly prefers to be exposed to the lipid environment within the hydrophobic layer of the membrane. Other large hydrophobic residues-isoleucine, valine, and phenylalanine-also have a similar environment profile (data not shown), in agreement with previously published reports. 10,11,14 -17 Glycine has relatively weak propensity in most buried environments in the water-exposed and polar layers of the membrane [ Fig. 2(B) ]. In contrast, glycine strongly prefers to be in all buried environments within the hydrophobic layer of the membrane, supporting previously reported observations showing that glycine and other small sidechain amino acids are important for the helix-helix packing interactions. 11,14 -17 Tyrosine strongly prefers to be within the interface layer of the membrane in most burial states [ Fig. 2 (C)], consistent with previous studies. 38 -40 As expected, lysine strongly prefers to be exposed in water-exposed, polar, and interface layers of the membrane [ Fig. 2(D) ] and is disfavored in the hydrophobic layer of the membrane.
The majority of hydrophobic amino acids had a relatively large number of counts (Ͼ30) in most of the layer/ burial zones for derivation of residue environment propensities (see example for leucine and glycine in Table 1S in Supplementary Material). The counts for polar residues are much smaller, however, raising a possible concern that our folding calculations are biased by contamination of the counts by the native structure. This is unlikely to be a problem for two reasons. First, the contribution of polar amino acids to the total membrane environment score from the outer and inner hydrophobic layers in general will be relatively low, because the frequency of polar and charged amino acids is Ͻ8% in these layers (see Fig. 2S in Supplementary Material). Second, we tested our method on two TM proteins (4-Helix Subdomain of V-type Na ϩ -Adenosine Triphosphatase (ATPase) and 3-Helix Subdomain of Nicotinic Acetylcholine Receptor) that did not contribute to the statistics, with quite good results (see Results below). More generally, the presence of polar amino acids in the outer and inner membrane layers is strongly disfavored by our scoring function, and simple physical reasoning suggests this is unlikely to change as the membrane protein structure database increases.
Residue-residue interactions
Figure 3S in Supplementary Material shows plots of the pair score for residue pairs in the polar and the hydrophobic layers of the membrane with distance cutoff between centroids below 5 Å. The pair score profile for the polar layer is very similar to the pair score profile for watersoluble proteins 26 ( Fig. 3S in Supplementary Material). In contrast, the pair score profile for the hydrophobic layer differs for many residue pairs involving polar residues, but generalizations based on these differences are hindered by the relatively low number of counts in the hydrophobic layer in the set of membrane protein structures. There are no specific residue pairs involving hydrophobic or small side-chain amino acids (except for proline) that are more favorable in the hydrophobic layer versus the polar layer of the membrane.
Residue density
Probably because of the relatively high frequency of glycine and other small side-chain residues at helical interfaces [ Fig. 2(B) ], we find that the residue density in the hydrophobic layer of the membrane is higher than the residue density in the polar layer of the membrane or in ␣-helical water-soluble proteins (Fig. 3) , consistent with previous studies. 14, [41] [42] [43] The C␤ density functions (0 -6 and 0 -12 Å) in standard Rosetta were updated accordingly.
Structure Generation
We designed a novel sampling strategy for predicting the structures of helical TM proteins inspired by the topologies of experimentally determined structures. We exploit the ability to predict the helical regions that span MEMBRANE PROTEIN STRUCTURE PREDICTION the membrane. [31] [32] [33] [34] [35] [36] 44, 45 The focus of our search strategy is to efficiently generate structures with the predicted TM helices in positions that are consistent with spanning the membrane. Sampling from the space of possible spanning arrangements is nontrivial because of the interdependence caused by the connectivity of the peptide backbone. Because of lever arm effects, small changes in backbone torsion angles can cause large-scale motions, possibly leading to configurations that could not span the membrane. We get around this global sensitivity to local perturbations by not requiring all configurations to span the membrane all the time. Instead, we build up the structure helix by helix starting from a helix near the middle of the protein. After 18,000 attempted Monte Carlo moves, a new helix is added at either the N-or C-terminus (chosen randomly). This embedding procedure favors, but does not enforce, interaction of neighboring helices in sequence-a tendency that is also observed in membrane protein structures, where about 75% of sequence-adjacent helices interact with each other. 43 This approach simplifies finding structures that span the membrane, by incrementally solving the sub-problem of finding arrangements of subsets of helices that span membrane.
De novo Prediction of Membrane Protein Structures From Sequence
We tested the method on 12 membrane protein sequences for which the structure is known (see Table IV ). Five thousand models were generated for each of the 12 proteins followed by clustering. 46 In addition to evaluating the RMSD of the cluster centers to the native structure (Fig. 4 and Table 2S in Supplementary Material), we also performed global distance test (GDT 47 ) calculations to identify regions of local as well as global structural similarity between the models and the native structure. Figure 5 shows that the cluster centers span a broad range of RMSDs to the native structure, both over the whole structure and over subsets of the structure. This wide range suggests the better predictions are considerably closer to the correct structure than would be expected by chance: Inspection of similar plots for CASP predictions (http://www2.predictioncenter.org/casp/casp6/public/cgibin/results.cgi) shows that for very difficult targets, where no good predictions were made, the lines for different models are relatively closely bundled. This is also observed for our poor predictions of 7-Helix Subdomain of H ϩ /Cl
Results for each of the 12 protein targets are described in the following section.
Bacteriorhodopsin (7 helices)
Bacteriorhodopsin (PDB code 1PY6) is a representative of a family of bacterial rhodopsin structures-currently the largest family of membrane protein structures 5 available in the PDB. 6 The structure of bacterial rhodopsins has a relatively simple topology where each consecutive TM segment interacts with the previous TM segment in the sequence with an overall counterclockwise order if viewed from the extracellular side of the membrane. 48 The extracellular loop between the TM helices 2 and 3 contains ␤-strand structure and is much longer (ϳ18 residues) than the other loops connecting the TM helices in the structure, which are 4 -6 residues long. The top cluster center had an RMSD of 8.7 Å to the native structure over all 227 residues and an RMSD of 3.9 Å over 121 residues [ Fig. 4(A) ]. The lowest RMSD model in this cluster had an RMSD to native of just 6.3 Å and an RMSD of 3.6 Å over 126 residues-a quite low value for de novo prediction of a protein sequence with 227 residues [Fig. 4(A) ]. The ␤-strand in the loop between TM helices 2 and 3 was not predicted because the strands were poorly predicted by the secondary structure prediction method 49, 50 used to generate structure fragments (data not shown). The packing residue density was not significantly different between Rosetta-Membrane models and the native structures for all membrane proteins tested (data not shown), although some of the models appear more compact in the figures. Modeling of prosthetic groups attached to bacteriorhodopsin is not possible during the low-resolution protein structure prediction reported in this article; however, it will be possible during future full atom structure refinement calculations (see Discussion below). 
4-Helix subdomain of bacteriorhodopsin
To test whether our method is able to predict with higher resolution portions of membrane proteins closer to the length range where soluble proteins structure prediction has been successful, we also attempted to predict just the middle four helices (TM helices 3-6) of bacteriorhodop- (GDT  47 ) plots for all membrane proteins tested. The y axis represents a C ␣ distance cutoff (in Angstroms) under which the model was fitted to the native structure, and the x axis represents the percentage of C ␣ atoms in the model that fit below that distance cutoff value. Dark blue-the largest cluster center, cyan-cluster centers 2-5, orange-cluster centers 6 -10, green-best RMSD model, and red-worst RMSD model. A: 7 TM helix bacteriorhodopsin (BRD7). B: 4 TM helix bacteriorhodopsin (BRD4). Cluster center model 2 for BRD4 is also the best RMSD model and shown in cyan. C: 5 TM helix subdomain of cytochrome C oxidase (CytC). D: 6 TM helix subdomain of lactose permease transporter (LtpA). E: 3 TM helix subdomain of aquaporin water channel (Aqp1). sin (PDB code 1PY6). One of the five largest cluster centers had 3.1 Å RMSD over all 123 residues and this model had the lowest RMSD value in the set [ Fig. 4(B) ].
5-Helix subdomain of cytochrome C oxidase
To test whether our method can also predict membrane protein structures with more complicated topology, we first attempted to predict a five TM helix subdomain of chain C of the cytochrome C oxidase (PDB code 1OCC). This protein in addition to four closely packed helices (similarly to the four helices subdomain of the bacteriorhodopsin) has an N-terminal TM helix (helix 1) interacting with the C-terminal two helices (helices 4 and 5) but not with the nearby two helices in the sequence (helices 2 and 3) [Fig. 4(C) ]. In addition, there is a long (ϳ23 residues) loop connecting the TM helices 1 and 2. Our best model among the top five cluster centers was predicted with 8.3 Å RMSD over all 191 residues and an RMSD of 3.7 Å over 102 residues. The lowest RMSD model had an RMSD of 6.0 Å to the native and an RMSD of 3.9 Å over 123 residues [ Fig. 4(C) ].
6-Helix subdomain of lactose permease transporter
We also attempted to predict the more complicated topology of the TM helices observed in a six TM helix subdomain of lactose permease transporter (PDB code 1PV6). In contrast to the relatively simple arrangement of the TM helices in the structure of the bacteriorhodopsin [ Fig. 4(A) ], in lactose permease transporter each of the TM helices has little or no contact with the next or previous TM segment in the sequence [ Fig. 4(D) ]. Our best model among the top five cluster centers had an RMSD of 8.9 Å to the native structure over all 190 residues and an RMSD of 3.9 Å over 104 residues [ Fig. 4(D) ]. The lowest RMSD model was in this cluster and had an RMSD to the native of 6.5 Å over all 190 residues and an RMSD of 4.0 Å over 134 residues [ Fig. 4(D) ].
3-Helix subdomain of aquaporin water channel
To test the performance of our method on membrane proteins with relatively short ␣-helical segments in the loops between the TM helices, we first attempted to model 3 TM helices subdomain of the aquaporin water channel structure, which represents about half of aquaporin's quasi-twofold symmetric structure. TM helices 2 and 3 do not interact with each other in the structure and are connected by ϳ18-residues-long loop that contains a 10-residue ␣-helix. Our best model among the top five cluster centers had an RMSD to the native of 6.8 Å over all 116 residues and an RMSD of 3.8 Å over 86 residues [ Fig. 4(E) ]. The lowest RMSD model in this cluster had an RMSD value of 5.4 Å to the native over all 116 residues and an RMSD of 3.8 Å over 86 residues [ Fig. 4(E) ].
5-Helix subdomain of fumarate reductase complex
We also attempted to model a five TM helix subdomain of the chain C of the fumarate reductase complex structure, which also has ␣-helical segments in three of four loops between the TM segments. Our method failed to predict this protein with RMSD Ͻ10 Å from the native structure as one of the top five cluster centers. The best predicted model among the top 10 cluster centers had an RMSD to the native of 8.9 Å over all 217 residues and an RMSD of 3.9 Å over 98 residues [ Fig. 4(F) ]. The lowest RMSD model had an RMSD to the native of 7.1 Å over all 217 residues and an RMSD of 3.9 Å over 130 residues [ Fig.  4(F) ].
4-Helix subdomain of V-type Na

؉ -ATPase
We attempted to model a four TM helix subdomain of V-type Na ϩ -ATPase (PDB code 2BL2), which has a relatively simple topology in which each of the TM helices interacts with the next or previous TM segment in the sequence [ Fig. 4(G) ]. This TM helix topology, however, is different from the one observed in the 4-helix subdomain of the bacteriorhodopsin [ Fig. 4(B) ]. Our best model among the top five cluster centers had an RMSD of 3.3 Å to the native structure over all 145 residues [ Fig. 4(G) ]. The lowest RMSD model was in this cluster and had an RMSD to the native of 2.9 Å over all 145 [ Fig. 4(G) ].
3-Helix subdomain of nicotinic acetylcholine receptor
We also modeled the three TM helix subdomain of the nicotinic acetylcholine receptor (PDB code 2BG9). This structure also has a relatively simple arrangement of the TM helices where each of the TM helices interacts with the next or previous TM segment in the sequence [ Fig. 4(H) ]. Our best model among the top five cluster centers had an RMSD of 3.9 Å to the native structure over all 91 residues [ Fig. 4(H) ]. The lowest RMSD model was in this cluster and had an RMSD to the native of 3.7 Å over all 145 [ Fig.  4(H) ].
5-Helix subdomain of multidrug efflux transporter
In contrast to the relatively simple arrangement of the TM helices observed in the structures of the bacteriorhodopsin [ Fig. 4(A) ], V-type Na ϩ -ATPase [ Fig. 4(G) ], and nicotinic acetylcholine receptor [ Fig. 4(H) ], a five TM helix subdomain of the multidrug efflux transporter (PDB code 1IWG) contains TM helices that have little contact with the next or previous TM segment in the sequence [ Fig.  4(I) ]. Our best model among the top five cluster centers had an RMSD of 6.2 Å to the native structure over all 168 residues and an RMSD of 3.9 Å over 98 residues [ Fig. 4(I) ]. The lowest RMSD model was in this cluster and had an RMSD to the native of 5.0 Å over all 168 residues and an RMSD of 3.9 Å over 138 residues [ Fig. 4(I) ].
5-Helix subdomain of SecYE␤ protein-conducting channel
To test the Rosetta-Membrane method performance on another type of channel-forming protein with a short ␣-helix that dips into the membrane besides aquaporin [ Fig. 4(E) ], we modeled a five TM helix subdomain of the SecYE␤ protein-conducting channel (PDB code 1RHZ). The Rosetta-Membrane method does poorly on this relatively complex structure-our best model among the top five cluster centers had an RMSD of 12.8 Å to the native structure over all 166 residues and an RMSD of 3.5 Å over just 51 residues [ Fig. 4(J) ]. The lowest RMSD model had an RMSD to the native of 8.7 Å over all 166 residues and an RMSD of 3.9 Å over 77 residues [ Fig. 4(J) ]. GDT analysis shows that our best predictions are better than random models [ Fig. 5(J) ].
7-Helix subdomain of H
؉ /Cl ؊ exchange transporter
To test the Rosetta-Membrane method performance on a membrane protein with even more complex topology, we attempted to model a seven TM helix subdomain of the H ϩ /Cl Ϫ exchange transporter (formerly known as ClC chloride channel) (PDB code 1KPL). There are several features of this protein that contribute to the complexity of its structure: 1. a very long (Ͼ40 residues) first TM helix; 2. the first and second TM helices have little contact with each other; 3. five of seven TM helices are Ͻ20 residues long-very unusual for membrane proteins; 4. the second and third TM helices connected by a 25-residue-long loop with short ␣-helix dipping into the membrane [ Fig. 4(K) ]. In addition, the TM region prediction programs, [31] [32] [33] [34] [35] [36] 45 used to define TM regions by Rosetta-Membrane method, predicted reliably only 5 of 7 TM helices (TM helices 4 and 6 were not predicted). Rosetta-Membrane method does poorly on this complex membrane protein-our best model among the top five cluster centers had an RMSD of 16.4 Å to the native structure over all 203 residues and an RMSD of 3.6 Å over just 60 residues [ Fig. 4(K) ]. The lowest RMSD model had an RMSD to the native of 12.4 Å over all 202 residues and an RMSD of 3.9 Å over 58 residues [ Fig.  4(K) ]. GDT analysis shows that our predictions for this very complex membrane protein are the worst among the set of membrane proteins tested [ Fig. 5(K) ].
7-Helix rhodopsin
To test the Rosetta-Membrane method performance on a relatively long membrane protein with relatively simple TM helix topology, we attempted to model rhodopsin (PDB code 1U19). The length of the TM part with connecting loops is 278 residues for this protein-too long for the current version of the Rosetta-Membrane method to predict accurately. In addition, three of six connecting loops in rhodopsin structure are Ͼ10 residues long, whereas there is only one such loop in the bacteriorhodopsin structure [ Fig. 4(A) ]. Our best model among the top five cluster centers had an RMSD of 10.2 Å to the native structure over all 278 residues and an RMSD of 3.6 Å over just 55 residues [ Fig. 4(L) ]. The lowest RMSD model had an RMSD to the native of 9.2 Å over all 278 residues and an RMSD of 3.8 Å over 91 residues [ Fig. 4(L) ]. Despite the relatively large size of this protein, our best predictions are considerably better than random models [ Fig. 5(L) ].
DISCUSSION
Our method may mimic aspects of the folding of membrane proteins in cells. It appears that TM helices emerge from the translocon as they are being translated on the ribosome soon after translocation into the membrane. 51 These preformed helices then assemble together in the membrane. 52 This is also similar to the two-stage model of Popot and Engelman. 53 By building up the structure through the sequential addition of helices, we may be following the same pathways that the physical protein uses to reach its native state.
We do find that some orders of assembly are more productive than others in the context of our algorithm. For example the central 4 (C, D, E, F) helices of bacteriorhodopsin form a substructure that our method can accurately fold in the absence of the N-and C-terminal helices (A, B, G). This is consistent with the data that show that subsets of helices of bacteriorhodopsin can be independently stable. 54 Our results suggest that the most productive pathway of assembly may not be the strictly N-terminus to C-terminus of translation.
Comparison to Other De Novo Prediction Methods
Over the past decade, a number of different methods have been developed to predict helical TM proteins de novo. [55] [56] [57] [58] [59] [60] [61] [62] [63] Taylor et al. 55 achieved RMSD of 6.0 Å to the helical regions in the bacteriorhodopsin using MSA information and some structural constraints. Using structural constraints and/or ideal ␣-helices, RMSD values Ͻ1 Å from the glycophorin A NMR structure have been obtained using several methods. 56 -58,61,64 Shacham et al. 62 ,63 also used structural constraints and experimental data to model bacteriorhodopsin and obtained RMSD value of 3.9 Å to the native structure. Kim et al. 59 developed a method that uses the oligomerization state of a protein as the only structural constraint during simulations and predicted the glycophorin A structure with an RMSD of 1.9 Å. PellegriniCalace et al. 60 adopted their knowledge-based FRAG-FOLD 65, 66 method to model helical TM proteins by addition of membrane-specific energy terms derived from the known helical TM proteins structures using membrane layer representation similar to ours, and their de novo simulations of one-and two-helix proteins generated best models with RMSD values ranging from 3.6 to 6.5 Å. Other research groups have developed methods to predict TM protein structures using low-resolution cryo-electron microscopy data and residue conservation profiles. [67] [68] [69] [70] For example, using these data, Baldwin et al., 67 Fleishman et al., 69 and Beuming and Weinstein 70 constructed models of rhodopsin with RMSDs of 3.2, 3.7, and 3.0 Å to the native structure, 71, 72 respectively. In contrast to these earlier structure predictions of small helix TM proteins, we predicted multipass helical TM proteins without using structural constraints or experimental data and our results compare favorably with the previous results. For three-and four-helix TM proteins, we predicted between 67 and 145 residues Ͻ4 Å RMSD from the native structure and for five-, six-, and seven-helix TM proteins, we predicted between 51 and 121 residues Ͻ4 Å RMSD from the native structure (see Table 2S in Supplementary Material). These values are comparable to the accuracy of low-resolution predictions made by the Rosetta method for water-soluble proteins of the same length. 7 The FRAG-FOLD method has been recently extended to multipass helical bundles and also has had encouraging results (David Jones, personal communication).
These results indicate that the Rosetta-Membrane method is capable of generating models with accuracy in the range of de novo methods, such as Rosetta, developed for prediction of water-soluble proteins. Because the membrane bilayer provides strong constraints, de novo prediction of membrane protein structures may be easier than water-soluble protein structures of the same sequence length. However, multipass membrane proteins are generally much longer than the single-domain globular proteins on which de novo methods had some success. Unfortunately, because of the formidable sampling problem, our results for large and complex proteins are in general poor whether they be integral membrane or soluble.
Directions for Future Work
The results reported herein present our first attempt to model helical TM proteins using the Rosetta-Membrane method. Although encouraging progress has been made, further improvements of the method are clearly necessary to generate higher-resolution helical TM protein structures. In the present low-resolution version of the method, residue side-chains are represented just by a single centroid atom and specific side-chain packing is not modeled, and our next step will be development of the RosettaMembrane high-resolution full-atom method that will account for van der Waals, hydrogen bonds, and lipid and solvent interactions. Use of residue conservation information from the homologous sequences should improve prediction of residue exposure to the lipid environment. 56 Incorporation of symmetry should improve accuracy considerably for oligomeric proteins. 59 Prediction of structures for many homologous protein sequences along with the sequence of interest has led to significant improvement in accuracy in small water-soluble protein structure prediction 8, 9 and we will test a similar approach for helical TM proteins. More accurate modeling of TM proteins with complex helix topology may be possible with a recently developed protocol that allows direct sampling of nonlocal interactions during structure assembly. 8 Ultimately, given the large size and complexity of membrane proteins, the most important use of the methodology developed in the article may be in conjunction with experimental data from crosslinking, cryo-electron microscopy, or other methods, which provide low-resolution structural information for narrowing the conformational search.
